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(57) ABSTRACT

Device(s) and method supporting generation of a second
object model, based on a first object model, for object
matching according to an object matching algorithm. The
first object model comprising object features of an 1maged
reference object. It 1s obtained sub-models that comprise
different sub-features, respectively, of said object features
comprised 1n the first object model. It 1s provided contribu-
tion indicators for the sub-models, respectively. Each con-
tribution 1ndicator indicating contribution of the sub-feature
to 1ncorrect matches. The contribution indicators being
based on matching, according to the object matching algo-
rithm, the first object model and the sub-models with at least
one model optimization 1mage comprising predefined train-
ing features that when matched with the first object model
result 1n at least said incorrect matches.
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GENERATION OF A SECOND OBJECT
MODEL BASED ON A FIRST OBJECT
MODEL FOR USE IN OBJECT MATCHING

This application claims priority of European Application
No. 20183322.5 filed Jun. 30, 2020, which 1s hereby incor-
porated herein by reference.

TECHNICAL FIELD

ect
ject
matching algorithm. The object model comprising object
features extracted from at least one model teach image
imaging a reference object.

Embodiments herein concern generation of an obj

L=

model for use in object matching according to an obj

BACKGROUND

Visual object matching 1s about to find one or several
instances of a certain object 1n an 1mage, 1.e. a live 1image,
that 1s, to identify 1f the object 1s present in the image or not,
and/or find attributes relating to the object in the image, such
as 1ts position, orientation and/or scale. To be able to do the
object matching, a matching algorithm to be used for the
object matching must be “teached”, 1.e. informed, about the
object to find using one or several images of the object.
These 1images may be referred to as reference images, or
model teach images, and the object they are imaging may be
referred to as a reference object. The reference object may
thus correspond to the object used for ‘teaching’ or inform-
ing the matching algorithm about the object to find.

An object model of the reference object 1s typically
generated from the reference images 1maging the reference
object, 1.e. from the model teach 1mages. The object model
1s generated by extracting object features of the reference
object as imaged by said model teach 1images. What features
to extract may vary depending on application area, and may
also depend on which features are possible to extract form
the model teach images, what features are characterizing for
the object to be found, and/or what kind of features are
considered the best to use to later be able to identify the
object 1n live images. Common features to extract are e.g.
edges or characteristic landmark points of the imaged ret-
erence object, such as a corners, each e.g. corresponding to
a corner point with surrounding points.

The object model with extracted object features 1s then
used by the matching algorithm in the object matching, e.g.
for matching with live images. It 1s common that matching
algorithms are based on matching different poses of the
object model with the live image and then evaluate the
result, 1.e. how well each pose matches with the live image.
For example, each pose may correspond to a certain trans-
lation, rotation, scale, or certain combinations thereot, of the
object model. It there 1s a sufliciently good match according
to some criteria, it 1s considered to be a match, 1.e. that the
object 1s present 1n the live image. The pose used for such
match may be used to identity how the identified object 1s
located in the image, e.g. its position, orientation and/or
scale 1n the live image.

Ideally all matches should be correct ones, 1.¢. 11 a match
1s sulliciently good the match should always be correct.
However, 1n practice, this 1s not always the case. When an
object model 1s used with a matching algorithm to find an
object, incorrect matches can occur and cause problems.
Incorrect matches may e.g. identily an object to be present
in an i1mage although 1t 1s not, e.g. due to a match on
background and/or incorrect objects and/or there may be
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2

several matches 1n an 1mage although only one of them 1s
correct and i1t may thereby be dificult or impossible to

discriminate between them, 1.e. to know which match 1s
correct or incorrect. Another problem may be that the
incorrect match, although i1s on the correct object, corre-
spond to an incorrect pose, e.g. mcorrect position and/or
orientation and/or scale.

An incorrect match can thus be described as a match that
results 1n that the matching algorithm provides a result
corresponding to a match although 1t 1s not a correct match,
1.e. a match that cannot be discriminated from a correct
match, at least not under realistic circumstances that can
occur 1n practice when e.g. interference, noise, etc., typically
requires all matches within a certain range or above a
threshold to be considered a correct match.

It 1s apparently desirable to reduce occurrence of incorrect
matches 1n object matching and when a matching algorithm
1s used with an object model.

In the prior art there are solutions that aim to improve the
matching algorithms as such, the type of object features to
extract from model teach image(s) to include 1n the object
model and to improve the extraction of the features from the
model teach 1mage(s), 1.e. which features to include in the
object model, e.g. by controlling one or more parameters
used 1n the feature extraction that in turn control what 1s
being extracted from the model teach 1mage(s) to be
included in the object model. For example by controlling an
edge strength threshold that determines which edges to be
extracted and included, or how strong, such as magnitude of
derivative, an edge must be to be included in the object
model.

An example of a prior art solution can be found i US
2012170835 Al.

SUMMARY

In view of the above an object 1s to provide one or more
improvements or alternatives to the prior art, in particular to
support provision of an improved object model for object
matching, such as one with ability to cause less incorrect
matches.

According to a first aspect of embodiments herein, the
object 1s achieved by a method, performed by one or more
devices, for supporting generation of a second object model,
based on a first object model, for object matching according
to an object matching algorithm. The first object model
comprising object features of an 1maged reference object.
Said device(s) obtains sub-models that comprise different
sub-features, respectively, of said object features comprised
in the first object model. Further, said device(s) provide
contribution indicators for the sub-models, respectively.
Each contribution indicator of said contribution indicators
indicating contribution of the sub-feature of the sub-model
to incorrect matches. The contribution indicators being
based on matching, according to the object matching algo-
rithm, of the first object model and the sub-models with at
least one model optimization 1image (MOI) comprising pre-
defined training features that when matched with the first
object model result 1n at least said incorrect matches.

According to a second aspect of embodiments herein, the
object 1s achieved by one or more devices for supporting
generation of a second object model, based on a first object
model, for object matching according to an object matching
algorithm. The first object model comprising object features
of an 1imaged reference object. Said device(s) being config-
ured to obtain sub-models that comprise different sub-
features, respectively, of said object features comprised 1n
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the first object model. Further, said device(s) 1s configured
to provide contribution indicators for the sub-models,
respectively. Each contribution indicator of said contribution
indicators indicating contribution of the sub-feature of the
sub-model to incorrect matches. The contribution indicators
being based on matching, according to the object matching,

algorithm, of the first object model and the sub-models with
at least one model optimization image (MOI) comprising
predefined training features that when matched with the first
object model result 1n at least said incorrect matches.

According to a third aspect of embodiments herein, the
object 1s achieved by computer program(s) comprising
instructions that when executed by said one or more devices
causes the one or more devices to perform the method
according to the first aspect.

According to a fourth aspect of embodiments herein, the
object 1s achieved by carrier(s) comprising the computer
program(s) according to the third aspect.

The second object model may then be generated based on
a modification of the first object model with reduced influ-
ence of one or more sub-features that, according to the
provided contribution indicators, contribute more to the
incorrect matches than other sub-features. The reduce
influence being in relation to said other sub-features.

In other words, influence 1s reduced of sub-features that
according to the contribution indictors contribute more to
incorrect matches compared to sub-features that remain. The
second object model will thus comprise object features that
contribute less to mncorrect matches compared to the first
object model. Typically, 1t 1s desirable to reduce intluence
from sub-features that according to the contribution 1ndica-
tors contribute the most to mncorrect matches. Reducing the
influence of a sub-feature may 1n some embodiments com-
prise removing such sub-feature from the first object model
or remove parts of 1t. For example sample such sub-feature
more sparse or keep less samples, such as pixels, of such
sub-feature when less samples of a feature means less
contribution from that feature 1n the object matching. This
cnable remaiming object features or samples, 1.e. 1 the
second object model, to contribute less to incorrect matches
and/or comparatively more to correct matches. The second
object model may thereby not only enable more accurate
results but also be a more ¢
reduced size and allow for faster implementation. In other

words, provision of an mmproved object model for object
matching i1s supported by embodiments herein.

BRIEF DESCRIPTION OF THE DRAWINGS

Examples of embodiments herein are described in more
detail with reference to the appended schematic drawings,
which are briefly described in the following.

FIG. 1A shows a model teach image imaging a reference
object.

FIG. 1B 1illustrates a first object model based on features
of the reference object.

FIG. 1C shows a sparsely sampled version of the first
object model.

FIG. 1D shows a match result example from object
matching based on the first object model resulting 1mn a
correct match.

FIG. 2A shows an live image for matching with the first
object model.

FI1G. 2B shows another match result example from object
matching based on the first object model and the live image
resulting 1 a correct match and an incorrect match.

Ticient model that can be of
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FIG. 3 schematically shows an example of a model teach
image 1imaging a reference object.

FIG. 4 1s a block diagram illustrating forming of sub-
models from a first object model.

FIG. 5 15 a block diagram 1llustrating matching of the first
object model and the sub-models thereof with model opti-
mization 1mage(s).

FIG. 6 1s a block diagram 1illustrating how each matching,
ol a model with the model optimization image(s), MOI(s),
results 1n a match result per MOI.

FIG. 7A 1s a block diagram illustrating what a match
result per MOI for the first object model 1s based on.

FIG. 7B 1s a block diagram illustrating what a match
result per MOI for a sub-model 1s based on and that the
match result 1s used to provide a contribution 1ndicator for
the sub-model.

FIG. 8 1s a block diagram 1llustrating a first object model
score map and a sub-model score map.

FIG. 9 1s a block diagram illustrating that there for each
sub-model 1s provided a contribution indicator.

FIG. 10A 1illustrates a second object model based on the
first object model and embodiments herein.

FIG. 10B illustrates a match result example from object
matching based on the second object model and the live
image for comparison with FIG. 2B.

FIG. 11 1s a flowchart schematically 1llustrating embodi-
ments of a method according to embodiments herein.

FIG. 12 1s a functional block diagram for illustrating
embodiments of one or more devices according to embodi-
ments herein and how such can be configured to carry out
the method and actions described in relation to FIG. 11.

FIG. 13 1s a schematic drawing illustrating embodiments
relating to a computer program, and carriers thereol, to
cause said one or more devices to perform the method and
actions described 1n relation to FIG. 11.

DETAILED DESCRIPTION

Embodiments herein are exemplary embodiments. It
should be noted that these embodiments are not necessarily
mutually exclusive. Components or parts ifrom one embodi-
ment may be tacitly assumed to be present in another
embodiment and 1t will be obvious to a person skilled in the
art how those components or parts may be used 1n the other
exemplary embodiments.

As a development towards embodiments herein, the situ-
ation and problem indicated 1n the Background waill first be
turther elaborated upon and explained with support from
some figures.

FIG. 1A schematically shows a model teach image 110
imaging a reference object 111.

FIG. 1B schematically illustrates an object model 120
based on features of the 10 reference object 111. The object
model 120 may be generated from the model teach 1mage
110. The object model 120 contains object features, here 1n
the form of edges, of the 1mage reference object in the model
teach 1mage 110. The object model 120 may be generated by
extraction of object features of the reference object 111 as
imaged by said model teach image 110. In the figure, a part
of the object features that correspond to a more character-
1izing part 121 of the reference object 111 1s pointed out as
an example.

FIG. 1C shows a sparsely sampled version 120a of the
object model 120. Since digital images formed of pixels are
typically used, the object features of the object model 120,
¢.g. edges, are formed of pixels that correspond to dense and
uniformly distributed sampled. The sparsely sampled ver-
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sion 120aq may thus be provided by removing certain pixels
from the edges i the object model 120, or by sampling the
edges thereot. In any case, a sparsely sampled version of an
object model may be desirable to use for implementation
reasons, reducing the data amount and enabling faster object
matching using such model.

The object model 120 may be used by a matching
algorithm 1n object matching, e.g. for matching with live
images. The matching algorithm may be based on matching
different poses of the object model 120 with a live image and
then evaluate the resulting match result, e.g. to see how well
cach pose matches with the live image. For example, each
pose may correspond to a certain translation, rotation, scale,
or certain combinations thereot, of the object model 120. It
there 1s a sutliciently good match according to some critera,
it 1s considered to be a match, 1.e. that an object correspond-
ing to the reference object 111 1s present 1n the live 1mage.
The pose used for such match may can be used to 1dentity
how the identified object 1s located 1n the 1mage, e.g. its
position, orientation and/or scale in the live image.

Forming of score maps are often used 1n object matching
to represent scores of diflerent poses. Some matching algo-
rithms are based on provision of score maps. A score map 1s
a form of match result resulting from matching an object
model, e.g. the object model 120, with an 1mage, e.g. a live
image, according to a matching algorithm. The score map
may be formed by matching the object model at different
poses (e.g. translations, rotations and/or scale) with the
image, ¢.g. live image.

A score map comprises scores at different positions of the
map. Each position corresponds, or maps, to one or more
poses of the object model. Each score can be considered to
be a measure, typically in the form of value or number, of
how well there 1s a match and thus how well the object in the
live image matches with the one or more poses of the object
model that the position corresponds to. The higher the score,
the closer to a match 1s typically the case. The highest score
of the score map may thus correspond to the best potential
correct match. If the highest score 1s suflicient for there to be
an actual match may depend on 1f the score 1s within or
above a certain predefined or predetermined range or thresh-
old, that may be configured for the matching algorithm being
used, or possible to denive from i1t and the object model.
Score maps are olten used for match result when the
matching, according to the matching algorithm used, involve
trying or testing multiple poses of the object model to match
with the 1mage, e.g. live 1mage, and then evaluate which
pose(s) resulted 1 actual match(es), 1.e. a result indicating,
that the object according to the object model at a specific
pose 1s present 1n the image, e.g. live image. The match
result for each pose may correspond to a score at a position
of the score map and may e.g. be based on a pixel by pixel
comparison or hypothesis testing. Pixel by pixel comparison
may e.g. involve to, at each pose of the object model,
perform binary multiplication between overlapping pixels of
the object model and the image being matched with, and
then adding the results to form the score at the score map
position corresponding to the pose. Only overlapping pixels
that are the same, such as ‘1’°, 1.e. corresponding to a match
on pixel level, will add to the score.

FIG. 1D shows a match result example from object
matching based on matching the first object model 120 with
the model teach image 110 imaging the reference object 111,
just to provide an example that should result 1n a clear
match. Only poses that are translations of the object model
have been used 1n this example. The shown match result 1s
here a score map in the form of a score image 130 to enable
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graphical representation, 1.e. each pixel has a value that
corresponds to the score and the higher the score, the darker
the pixel i this example. A clear correct match 131 can be
identified for a pixel corresponding to a pose of the object
model 120 located centrally on the model each image 110,
as expected and known to correspond to the correct match.

Ideally all matches according to scores of a score map
should be correct ones. However, as already explained in the
Background, in practice, this 1s not always the case. When
an object model 1s used with a matching algorithm to find an
object, mcorrect matches can occur and cause problems, as
explained in the Background.

FIG. 2A shows an example of an image 2135, e.g. live
image, for matching with 10 the first object model 120,
which image 215 1s 1imaging two objects, a first object 215a
and a second object 213b. As realized, the object model 120
1s desirable to only correctly match with the second object

2156.

FIG. 2B shows another match result example from object
matching based on the first object model and the 1mage 215
and a matching algorithm, e.g. the same used above and
resulting 1n the score 1mage 130. The match result 1s also
here a score 1image, namely a score image 230. As 1llustrated,
two matches are found, an incorrect match 231a and a
correct match 2315. The equally dark pixels at the positions
corresponding to these matches indicated that the scores are
equal or so close that 1t cannot be discriminated from the
scores alone which position correspond to the correct match.
In a practical situation, the result could be that the matching
algorithm results 1n that two objects 111 to be located in the
image 215, which apparently 1s not the case.

Hence, 1n a score map there may be many positions with
similarly high scores corresponding to a match although
there 1s only one or even no correct match. This may be due
to characteristics of the object model used, the matching
algorithm and what the image to be matched with shows and
contains, including noise. This often makes 1t diflicult to
know which position 1s the best or correct match. The other
positions with high scores, perhaps even the one with
highest score, may thus be false, or incorrect, matches. It
may be diflicult or impossible to distinguish correct matches
from 1ncorrect matches. This results 1n undesirable errors 1n
object matching.

Embodiments herein seek to address this problem by
support provision of an improved object model for object
matching, one with ability to cause less incorrect matches.

An 1msight underlying embodiments herein 1s that certain
sub-features of an object model, e.g. 120, such as certain
edges, set of edges and/or characteristic landmark points,
contribute more to mncorrect matches than others and that 1f
such sub-features can be identified and their influence 1n
causing the incorrect matches could be reduced by modity-
ing the first object model, a resulting, new, second object
model should be able to cause less incorrect matches and
could potentially also be of reduced size.

Embodiments herein will now be exemplified and dis-
cussed 1n some detail with support from figures. First some
concepts and relations will be discussed, which further
below then will be used 1n explanation of more complete
embodiments.

FIG. 3 schematically shows an example of a model teach
image 410 1maging a reference object 411. The model teach
image 410 and the reference object 411 here correspond to
the model teach image 110 and the reference object 111,
respectively, to facilitate comparison of embodiments herein
with the situation discussed above.
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FIG. 4 1s a block diagram schematically 1llustrating form-
ing of sub-models 425-1 . . . 425-N from, e.g. based on, a
first object model 420, where N 1s an integer number greater
than 1 and that may correspond to a number of object
features of the first object model 420. The first object model
420 may be based on the model teach image 410, and here
corresponds to the object model 120 above, to facilitate
comparison of embodiments herein with the situation dis-
cussed above. The first object model 420 may correspond to
a conventional object model. Each sub-model, e.g. a sub-
model 425-n of the first object model 420 comprise sub-
features, 1.e. one or more but not all features of the first
object model 420. For example, each edge or a group of
edges of the first object model may form a sub-model. The
sub-features of the total of the sub-models 425-1 . . . 425-N
should correspond to the total of object features of the first
object model 420, there may thus be sub-features
421-1 . ..421-N, 1n the example 1n the form of edges. In the
figure, a sub-feature 421-1 i1n the form of an edge and
another sub-feature 421-N 1n the form of another edge have
been 1ndicted to facilitate understanding and for later com-
parison. Note that a (single) sub-feature can comprise sev-
eral edges part of object features, although not shown 1n
these examples, and/or e.g. characteristic landmark points
part of object features.

Further note that although the models shown in the
examples herein have edges as object features, any kind of
features of an 1imaged object can additionally or alternatively
be used, e.g. landmark points or areas as mentioned above,
¢.g. pixels 1 a local area covering a characterizing feature,
such as a corner, of the reference object. What constitutes an
object feature can thus vary between embodiments and not
only 1n the type(s) of feature(s) mvolved but also what 1s
included 1n each object feature. For example, 11 the type of
feature 1s edge, an object feature may be a single edge or
several edges. Hence, 1n this example, a single sub-feature
of the total of object features may correspond to a single
edge of the total of object edges, or several edges and/or
parts of one or more edges of the total of object edges, as
already indicated above.

FIG. 5 1s a block diagram schematically illustrating
matching of the first object model 420 and the sub-models
425-1 . ..4235-N thereof with at least one model optimization
image (MOI) 440. The matching 1s thus according to a
matching algorithm 450 for use with and e.g. that conven-
tionally 1s used with the first object model 420. For example,
the matching algorithm may be based on a pixel by pixel
comparison or hypothesis testing as mentioned 1n connec-
tion with FIG. 1. The same matching algorithm 1s used for
all object matchings shown 1in the figure. Each model 1is
matched with the MOI(s) 440. If there are several MOIs 440,
there 1s thus as many object matchings per model as MOlIs.

The general relation for a single model 1s also schemati-
cally illustrated in FIG. 6.

FIG. 6 1s a block diagram schematically illustrating how
cach matching of a model, e.g. a sub-model 425-» being any
one of the sub-models 425-1 . . . 425-N or the first object
model 420, are matched with the MOI(s) 440 according to
the matching algorithm 4350 and the result 1s at least one
match result 460; 465-%, 1.¢. match result(s) since there 1s a
match result per MOI, e.g. a score map per MOI. The match
result 460 1s for the first object model 420 and the match
result 465-n 1s for any one of the sub-models 425-1 . . .
425-N.

The MOI(s) may be one or more images, each with
patterns, e.g. resulting from imaging of suitable objects
and/or backgrounds for matching with the object model and
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that are able to cause at least one or more 1ncorrect matches.
The MOI(s) may e.g. comprise image(s) imaging an object
or objects that are similar to the reference object and/or other
objects, background patterns etc. that are likely and/or
known to cause incorrect matches when used with the
matching algorithm. One or more of the imaged object(s) in
the MOI(s) 440 may correspond to the reference object 411
at one or more poses, €.g. translations, rotations and/or
scaling, but not necessarily. In such case can be expected or
may be known that there should at least one correct match
in the object matching with the first object model 420 1n
addition to the one or more incorrect matches. The MOI(s)
may be, be based on or comprise one or more, even all, of
the model each 1mages(s), but not necessarily.

The skilled person may select or form suitable MOI(s) 1n
a real case based on knowledge of the reference object
and/or first object model to be matched with, the matching
algorithm being used and/or operative conditions, €.g. infor-
mation on situations that can occur and cause risk for
incorrect matches during operation, 1.e. when object match-
ing 1s performed on live images.

In some embodiments the MOI(s) comprise distorted
version of the model teach i1mage(s), to thereby enable
training when e.g. the stability of features cause matching
problems. This enable a second object model that 1s better to
avoild such matching problems. In some embodiments the
MOIs(s) image other object than the reference object and/or
background to enable training on spurious matches on the
other objects and/or background and thus enable a second
object model that 1s better to avoid that kind of matching
problems.

FIG. 7A 15 a block diagram schematically illustrating that
the match result 460, e.g. score map, per MOI 440 for the
first object model 420 1s based on the first object model 420,
the matching algorithm 450, and the MOI(s) 440. The match
result 460 per MOI can be used to 1dentily which poses of
the first object model 420 result in imncorrect matches, and
correct matches 1f such are present in the MOI(s). I the
match result 1s a score map, the poses may be found by
identifving positions in the score map per MOI that have
scores predefined or predetermined to correspond to a
match. See further explanation of score maps below. A
match result, e.g. score, that corresponds to the best possible
match can be found from knowledge of the complete object
model, e.g. the first object model 420 and the matching
algorithm being used, since it 1s about matching the first
object model with 1tself. Some predefined margin 1n relation
to such theoretically best may define what 1s to be consid-
ered a match 1n practice where a theoretical perfect match
often cannot be expected, and should not be needed for there
to be a match 1n a practical situation.

FIG. 7B 1s a block diagram illustrating that the match
result 465-n, e.g. score map, per MOI 440 for each sub-
model 425-1 . . . 425-N, i1s based on the sub-model 425-,
the matching algorithm 450, and the MOI(s) 440. The
matching algorithm and the MOI(s) are the same as in FIG.
7A. The same poses as used as for the first object model 420
in the example of FIG. 7A are thus used for each sub-model
465-n. If the match results are 1n the form of score maps, the
corresponding positions 1n each sub-model score map and
the first object score map should map to the same poses(s).
Since the poses that cause the incorrect matches, and correct
match(s) i1f any, are known from the matching of the first
object model, the match result can be found for the sub-
models for these poses as well. When the match results are
in the form of score maps, explained further below, the score
of the sub-models can be found at the position of the match.
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Such match results, e.g. scores, relating to sub-models may
correspond to, or be used to identily, contribution of the
sub-model, and thus the associated sub-feature, to the match
according to matching with the first object model, such as 1n
the example of FIG. 7A, 1.e. with the first object model 420.

The match results per MOI for a sub-model may then be
used to provide, typically by computing, a contribution
indicator. Contribution indicator 1s further explained below,
however, first the concept of score maps will be further
explained 1n the context of embodiments herein.

FIG. 8 1s a block diagram schematically 1llustrating a first
object model score map 460a and a sub-model score map
465a-n, just to better explain the general principle behind
score maps as match results as already mentioned above.
The score maps are thus example of match results, e.g. of the
match result 460 and 465-» as 1n FIGS. 7TA-B.

Each score map i1s resulting from matching between an
object model or any one of the sub-models 425-1 . . . 425-N,
and a MOI at diflerent poses, e.g. translations, rotations
and/or scaling, of the model in question. Each position stores
the result from matching of a specific pose or poses with the
MOI 1n the form of a score.

There 1s thus one score map per model and MOI, 1n other
words, for one MOI there 1s e.g. one score map 460a for the
first object model 420 and a score map 465a-n for the
sub-model 425-n. There are K scores and positions 1n each
score map, corresponding to the number of poses used in the
matching, or set of poses 1f each position holds results from
matching of several poses. There are thus K positions
pl ... pK, where any position thereol may be referred to as
position pk, where k may range from 1 to K, and K being an
integer >1. At each position of the score map there 1s stored
a score being said result from matching of a specific pose or
poses with the MOI. For example, 1n the figure, there are
scores FOM_scorel . . . FOM_score K 1n the first object
model score map 460a at positions pl . . . pK, respectively,
and scores SM score 1 . . . SM score K in the shown
sub-model score map 463a-n at positions pl . . . pK,
respectively. From a position of a score map it can be found
which pose or poses of the model were used 1n the matching,
that resulted 1n the score, 1.e. each position 1s associated with
one or more poses. Exactly which pose or poses each
position relates to 1s predefined or predetermined and 1t 1s
implied that the relation 1s maintained, 1.¢. so that it later can
be 1dentified from a position of the score map, which pose
or poses that was used 1n the matching resulted 1n the score
of that position.

Each score of a score map may be described as a matching
level indictor, typically 1n the form of a value, e.g. an integer
number, indicating how well the pose 1n question matches
with the MOI. A score 1n the form of an integer number may
¢.g. indicate a level or a degree of matching, such as how
many pixels are matching, between the MOI and the model
at the pose associated with the position.

Since, as mentioned above, the same MOI and model
poses are used for the sub-models and the full, first object
model, there are the same number of positions pk in the
score maps and the corresponding positions, €.g. positions
pl, in all score maps 460a and 465-1 . . . 465-N, correspond
to the same pose or poses. This makes it possible to relate
scores, and thus matches, between the models and thereby
also find out how much a sub-feature of a certain sub-model
contributes to the full, first model score at a certain poses or
poses, and 1n particular to such pose or poses that result in
matches, such as incorrect matches. Since each model, as
explained above, 1s formed of a sub-feature from the object
teatures of the full, first object model, the contribution of a
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sub-model 425-r 1s 1n fact contribution of a sub-feature
421-» of the first object model 420.

In other words, each score 1s thus measure of how well
there 1s a match between the associated pose of the model
and the MOI, and thus how well the model at the corre-
sponding pose matches with the MOI. This 1s similar how a
score map 1s produced conventionally, but with the MOI
instead of e.g. a live image. A diflerence lies in the use of the
sub-models and that these are matched with the same
MOI(s) as the original object model, e.g. the first object
model 420, that the sub-models are based on. Another
difference 1s also that the MOIs may be controlled and e.g.
predefined or predetermined, which of course 1s not the case
in conventional object matching and live images. Each score
of sub-model score map 1s a measure of how well there 1s a
match and thus how well the sub-model, e.g. a certain edge
of the first object model, at the corresponding pose matches
with the MOI.

As should be realized, for each MOI, in case of multiple
MOIs, there should be produced a first model score map and
sub-model score maps, one per sub-model. That 1s, there
will, per MOI, be a set with as many score maps as
sub-models plus one for the first object model. In case there
are multiple MOIs, there will thus be multiple sets of score
maps, one set per MOIL.

To able to compare sub-models and their respective
contribution to matches of the original object model, e.g. the
first object model 420, and thereby the contribution of
sub-features to the object features of the first object model,
it would be desirable with a measure, or indicator, that
indicates the contribution to incorrect matches, preferably 1n
relation to, or compared to, contribution to correct matches,
and that allows for simple comparison between sub-models
to see which ones are contributing more/less compared to
the others. There may thus be provided, as already men-
tioned above, contribution indicators for the match results
per MOI for a sub-model. For example, the sub-model 425-7
shown 1n the figure, may then be used to provide, typically
by computing, a contribution indicator 425-n. Contribution
indicator 1s further explained below, however, first the
concept of score maps will be further explained in the
context of embodiments herein.

Based on the orniginal model, e.g. the first object model
420, the sub-models thereot, the matching algorithm being
used, the MOI(s) and match results, e.g. score maps, 1t can
be computed such a measure or indicator, typically in the
form of a value or number, for each sub-model, e.g. 1ndi-
cating how much this sub-model 1s prone to generate or
result 1n incorrect matches, 1n relation to correct matches 1t
any, and for comparison between the sub-models. It can
thereby be found sub-models with sub-features that likely
contribute the least and the influence of these sub-features
can be reduced, e.g. be removed from, the original, first
object model, forming a new second object model able to
result in fewer 1icorrect matches or at least reduce the risk
ol 1ncorrect matches that cause matching errors. Also, as
may be realized, sub-model match results, e.g. a score map
of a sub-model, although they contain information on the
sub-feature contribution to matches 1n the original object
model score map, e.g. of the first object model 420, may be
diflicult to compare as such, with several scores, e.g. values,
to manage etc. This 1s also a reason that embodiments herein
instead apply contribution indicators as mentioned above
associated with the sub-models, respectively, and for com-
parison between them.

Each contribution indicator, e.g. 1 the form of a contri-
bution measure, regarding a sub-model, and thereby the
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sub-feature thereof, should thus indicate how much the
sub-feature of the sub-model contributes to 1ncorrect
matches for the original, first object model. This enable to
compare contribution indicators between sub-models and
find out those that relative the other sub-models are con-
tributing more to incorrect matches.

Hence, with reference to score maps, 1t should not be
tavorable for a sub-model i1 1ts score map, 1.e. sub model
score map, has a high score at a position where the first
object score map has an incorrect match, but favorable 11 1t
has similarly high score at a position where the first object
score map has a correct match. It would be desirable with
contribution indicators reflecting this. See example below
for an example of such a contribution 1ndicator. If a MOI 1s
imaging the reference object of the first object, e.g. so there
should be at least one correct match, with noise added,
robust sub-models should be favored. In other words, sub-
models, and thereby corresponding sub-features of the first
object model, that despite the noise contribute more to the
correct match than other sub-models, and less to incorrect
matches (1f any 1n that MOI), should be more favored than
those that are not.

FI1G. 9 1s a block diagram illustrating that there, as already
indicated above, are provided, typically computed, contri-
bution indicators 425-1 . . . 425-N {for the sub-models
425-1 ... 425-N, respectively. For each sub-model 425-7 1t
1s thus provide a contribution indicator 475-n. A contribu-
tion 1ndicator of a sub-model may be described as measure,
relative to some reference that 1s the same for all sub-
models, of how much the sub-feature of that sub-model
contributes to incorrect matches.

In case of multiple MOIs and thus a match result, e.g.
score map per MOI, for each sub-model, a single contribu-
tion indicator for the sub-model may be computed from a
sum of sub-contribution indicators, each sub-contribution
indicator computed per match result, e.g. per score map, and
thus per MOI. For example, in case of several MOIs there
may be provided a sub-contribution indicator per MOI, e.g.
a sub-contribution score per MOI, for each sub-model, and
then these partial sub-contribution scores may be added to
form a total contribution score per sub-model that thereatter
may be used for comparison between sub-models. An
advantage with this approach and using multiple MOIs may
be that 1t can result 1n a better selection of sub-models and
thereby sub-features that are “best” to suppress or remove,
enabling improved selection and thereby an improved sec-
ond object model.

For the computation of a contribution indicator 1t 1s
desirable to know which match results, €.g. scores 1n a score
map, correspond to matches, and 1f a match 1s correct or
incorrect.

In case a certain pose of a sub-model 1s known to
correspond to the correct match, e.g. since a MOI 1s known
to contain this pose of the reference object, then the position
of this pose 1n the score map corresponds to the correct
match. Incorrect matches can be found as being all other
positions, ¢.g. with scores 1n a score map dose to the correct
match, e.g. above a certain predefined or predetermined
threshold or within a predefined or predetermined range
covering the correct match, as already indicted above.

Note that 11 there 1s known to be a correct match in a MOI
but not exactly which pose that corresponds to the correct
match, it may 1n some embodiments be assumed that the
highest score of the original model, e.g. the first object
model score map 460q, 1s the correct match and all other
matches are incorrect matches. This may be a reasonable
assumption since the MOI i1s predefined or even predeter-
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mined and the correct match can be controlled and may be
based on the reference object, thereby causing a “perfect”
match. Also, the methods according to embodiments herein
can be performed at controlled conditions since 1t 1s about
“training’” to enable an improved or even optimized second
object model, and during the training influence of undesired
interference, e.g. noise, typically can be controlled and e.g.
reduced, or even minimized. In case there 1s a symmetrical
reference object, then there may be one or more further
correct matches that cannot be distinguished by highest
score. However, 1in such case, or in general when it 1s known
how many correct matches the reference object n a MOI
should result 1n, the corresponding number of highest scores
may be assumed to correspond to the correct matches.

Note that embodiments herein, as already indicated, work
also without there being any correct match in any MOI. In
that case 1t can be considered to be about finding and
suppressing matches, that thus are incorrect matches.

When the match result 1s in the form of a score map, the
contribution indicator may be referred to as a contribution
score, which will be used 1n the following.

It would be desirable with an algorithm for computing
contribution scores that would reward correct matches but
the opposite for mcorrect matches, e.g. increase the contri-
bution score of a sub-model when/if it contributes to a
correct match and decrease 1t to a corresponding degree for
an 1ncorrect match. For example, if there 1s equal contribu-
tion 1n a first sub-model to a correct match as that of an
incorrect match, then these contributions may be considered
to balance out each other. If there 1s twice contribution to
incorrect matches for a second sub-model, then the second
sub-model should be less favorable to keep.

One way of accomplishing this may be to, per sub-model
and MOI, create a first sum of all match results, e.g. scores,
for incorrect matches, then a second sum for correct
matches, and then relate the sums to each other, e.g. divide
the second sum with the first sum. It may thus be desirable
to only use matches (correct and incorrect ones), e.g. use
scores for positions that in the original object model score
map, e.g. the first object model score map 460q, indicate
match, which are the positions with the highest scores, e.g.
all scores above a score threshold as already mentioned
above. The score threshold may be set based on what a
correct match would or may result 1n.

Another option than summing the imcorrect match scores
and the correct match scores separately in the first and
second sums, may be to separately sum the number of

correct matches and the number of incorrect matches, and
then divide the number of correct matches with the number
ol 1ncorrect matches.

However, i1t could simplily computations and facilitate
implementation 11 all scores, 1.e. for all positions, were used
to compute the contribution score, without having to select
out scores for positions that correspond to incorrect and
correct matches, 1.e. without having to find out and apply a
score threshold as above.

This can be accomplished by involving the scores of the
original model match result, e.g. the first object model score
map 460a, and use these for weighting that enhances the
influence of sub-model scores corresponding to correct and
incorrect matches and suppresses influence of the other
sub-model scores. For example, by multiplying each sub-
model score 1n said sums with a function F of the first model
score map and which function, e.g. depending on its score at
cach position, enhances or suppresses the sub-model score at
the same position. An example of such function F and how
it can be used 1s given below. In fact, the above situation
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with only using correct and incorrect matches in the sums
can be realized with such function F that depending on the
first model score at the positions either multiply the corre-
sponding sub-model score with 0 or 1 depending on 1if the
first model score 1s below or above said score threshold. This
however still requires the score threshold to be provided, e.g.
computed. Another option 1s therefore to utilize that the first
model score map at correct and incorrect matches, by
definition, has 1ts highest scores and at all other positions has
lower scores. Hence, a weighting can be accomplished by at
cach position simply by multiplying the sub-model score
with the first model score at the same position. However, 1t
the function exponentially increases with the first model
score, the effect will be improved, 1.e. the function F 1s
score>m, with m>1. It has shown that e. g. the square of the
first model score, 1.e., m=2, may be sullicient and suitable
weight function F, although even higher n:s may work even
better.

The following 1s an example of an equation, Eq. 1, of how
a contribution indicator 1n the form of a contribution score,
CS, may be computed for a sub-model per MOI, 1.e. how 1t
may be computed according to some embodiments herein:

2, (P_corr(p; )« SM_score(p; ) = F(FOM score(py))

Ek ((1 - Pﬂﬂf’?‘(pk )) # SM_SCDFE(PkJ # F(FOMSﬂDFE(pk ))

Eq. 1

CS =

where SM_score(pk) and FOM_score(pk) are scores accord-
ing to the sub-model score map and the full, or first, object
score map, respectively, for the position pk, and each sum 1s
over “all kK”,1.e. k=1 ... K, or in other words for all positions
p 1n the respective score map. F 1s a function as discussed
above, and {further explained below, based on the
FOM_score, 1.e. on the first object score map. Pcorr 1s a
function that evaluates to 1 when the position pk corre-
sponds to a correct match and else to O.

As realized, the example contribution score CS of Eq. 1
increases with correct matches and decrease with incorrect
matches, and thus, the lower CS of this kind a sub-model has
in comparison with the sub-model with the highest CS, the
“worse” 1t 1s. Of course the CS could be mnversed and then
the higher CS, the “worse”. Note the special case with Eg.
1 when there 1s no correct match in the MOI, all CS would
be 0, and hence 1n that case, the numerator should be set to
1, 1.e. 1n the case when P=0 for all k.

Since, as explained above, positions with scores that are
matches (1incorrect and correct ones) are either predefined,
predetermined or can be determined, and the MOI(s) can be
controlled, e.g. be predefined or predetermined, P can easily
be determined as well.

If 1t 1s known to be only incorrect matches 1n a MOI, and
no correct ones, 1.e. 1n Eq. 1 that P=0 for all pk, the
numerator ol Eq. 1 should as mentioned 1n this case be
replaced with 1. In this case 1t thus suflice to compute a

contribution score CS for each sub-model according to:

CS = 2, (SM_score(pg ) « F(FOM;cope ) Eq. 2

Hence, by using MOI(s) that contain incorrect matches
but no correct matches, computations can be simpler and
thereby 1mplementation facilitated and/or execution be
taster. However, 1t may for other reasons be desirable with
an algorithm for computing contribution scores that work
both 1n the case of there being correct match(es) in the
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MOI(s) and without there being any correct match, such as
in the case of Eq. 1. In any case, the MOI(s) used should at

least contain incorrect matches to enable “traiming” on such
using the full, first object model and the sub-models so that
the second model at least can be better to suppress incorrect
matches, although 1t 1s typically desirable with also correct
matches mvolved.

As mentioned, an advantage with Eq. 1 and Eq. 2 1s that
the contributions scores are computed for all positions p 1n
the score maps, also positions that are not corresponding to
matches. The Welghtmg by F supports this. As already
explained above, 1n some embodiments F 1s the square of the
score, that 1s:

F(FOMsmrf(pk )) — (FOMsmrf(pk))z Eq 3

FIG. 10A 1llustrates a second object model 480 based on
the first object model 420, 1n accordance with what has been
discussed above and embodlments herein. More particularly,
the second object model 480 1s based on application of Eq.
1 and Eq. 3.

As recognized, the shown second object model 480 1s a
sparsely sampled version of object model and may be
compared to the sparsely sampled object model 1204 1n FIG.
1C that 1s a conventionally sparsely sampled version of the
object model 120 that, 1n turn, corresponds to the first object
model 420. The conventional sparsely sampled object model
120a comprise samples that are evenly spread out, substan-
tially uniformly.

The resulting contribution scores from application of Eq.
1 and Eqg. 3 have been used prioritize the sub-features 1n
relation to each other according to their contribution scores.
Sub-features with lower contribution scores have been more
sparsely sampled than those with higher contributions scores
that have been, resulting in the second object model 480.
The second object model 480 1s thus based on a modification
of the first object model 420 with reduced influence of
sub-features, e.g. of the sub-feature 421-1, that, according to
the provided contribution indicators, e.g. 475-1 . . . 475-N,
confribute more to the incorrect matches than other sub-
features, e.g. than 421-N. As can be seen 1n FIG. 10A, the
part that corresponds to the characterizing feature 121 1s
more densely sampled since 1t, and 1 accordance with
contributions scores relating to 1t, 1s not contributing to
incorrect matches as much as other features. For example, a
sub-feature 481-1 of the second object model 480 that
corresponds to the sub-feature 421-1 of the first object
model 420 1s less densely sampled than a sub-feature 481-N
of the second object model 480 that corresponds to the
sub-feature 421-N of the first object model 420. The more
dense sampling means, with the matching algorithm used 1n
this case, that the influence of such feature in the second
object model 480 will be greater compared to influence from
less dense sampled parts.

FIG. 10B illustrates a match result example 1n the form of
a score map that 1s a score image 1030 resulting from object
matching based on a second object model generated accord-
ing to embodiments herein and the image 2135 1 FIG. 2A,
for comparison with the result in FIG. 2B. As can be seen 1n
FIG. 10B, application of embodiments herein, and the
increased influence that thereby was given the part corre-
sponding to the characterizing feature 121 relative to other
object features, has resulted in that the position of the
incorrect match 231 1in FIG. 2B now, in FIG. 10B, has a

lower score, not making 1t a match. It 1s therefore only a
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single match, namely a correct match 1031 at the position of
the correct match 23154 1n FIG. 2B, and no incorrect match.
In other words, from the score image 1030 1t 1s, thanks to
embodiments herein, possible to 1dentily and find 1nforma-
tion about the correct object, 1.e. object 2155, 1n the 1mage
215, without risking to 1nstead or also match with the object
215a. The second object used here and generated according
to embodiments herein 1s thus improved compared to the
first object model 420.

FIG. 11 1s a flowchart schematically illustrating embodi-
ments of a method according to embodiments herein. The
actions below, which may form the method, are for for
supporting generation of a second object model, e.g. 480,
based on a first object model, e.g. 420. The second object
model, and the first object model, are for object matching
according to an object matching algorithm, e¢.g. 450. The
first object model comprises object features, e.g. 421-1 . . .
421-N, of an, typically extracted from, an imaged reference
object, e.g. 411.

Note that the actions below may be taken 1n any suitable
order and/or be carried out fully or partly overlapping in
time when this 1s possible and suitable.

Action 1101

It 1s obtained sub-models, e.g. 425-1 . . . 425-N, that
comprise diflerent sub-features, e.g. 421-1 . . . 421-N,
respectively, of said object features comprised in the first
object model.

The object features may be extracted from at last one
model teach image, e.g. 410, imaging the reference object.
The object matching algorithm may be a conventional object
matching algorithm based on matching an object model,
here the first object model, with one or more 1mages, e.g.
live 1images, that may image an object to match with. For
example, the object matching algorithm may be such based
on forming score maps as described herein.

Said object features of the reference object are typically
extracted from one or more model teach 1images 1imaging the
reference object, each model teach 1image comprising an
image of at least part of the reference object. The extraction
may be performed according to some conventional method,
¢.g. for edge extraction when the features are edges.

Each sub-feature corresponds to one or more of the object
features comprised by the first object model. The features of
the total of sub-models preferably should contain all features
of the first object model and/or an object feature should not
be part of more than one sub-feature and thereby not be part
of more than one sub-model, although this may not always
be the case.

The sub-models may be obtained by being received from
remote other device and/or obtained from some storage, or
by being formed based on the first object model, e.g. based
on extracted or selected object features therefrom.

Action 1102

It may be obtained, per MOI, score maps, e.g. 460,
465-1 . . . 465-N, comprising at least sub-model score maps,
c.g. 465-1 . . . 465-N, for the sub-models, e.g. 425-1 . . .
425-N, respectively. Each score map may be based on
matching, e.g. may result from matching, a corresponding
model, e.g. 420; 425-n, at different poses with the MOI.
Each score map should comprise scores at different posi-
tions, e.g. pl . . . pK, of the score map. Each of said positions
should be associated with one or more of said poses. The
score ol a position, e.g. pk, indicating a level of matching
between said one or more of said poses of the model, e.g.
420; 425-n, associated with the position and the MOI.
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Said score maps, obtained per MOI, may further comprise
a first model score map, e.g. 460, for the first object model,
c.g. 420.

Said diflerent poses typically comprise different transla-
tions and/or rotations of the object model. The different
poses may also mvolve different scaling of the object model.
Each score of a score map may thus be considered a
matching level indictor, typically 1n the form of a value, e.g.
an integer number, indicating how well the pose 1n question
matches with the MOI. A score in the form of an integer
number may e.g. indicate how many pixels are matching
between MOI and the model at the pose associated with the
position.

Action 1103

It 1s provided, e.g. computed, contribution indicators, ¢.g.
475-1 ... 475-N, for said sub-models, e.g. 425-1 . . . 425-N,
respectively. Each contribution indicator, e.g. 475-n, of said
conftribution indicators indicates contribution of the sub-

feature, e.g. 421-n, of the sub-model, e.g. 425-n, that the
sub-feature 1s part of, to incorrect matches. The contribution
indicators, e.g. 475-1 . . . 475-N, are based on matching,
according to the object matching algorithm, the first object
model, e.g. 420, and the sub-models, e.g. 425-1 . . . 425-N,
with at least one model optimization image (MOI), e.g. 440.
The MOI comprising predefined training features that when
matched with the first object model, e.g. 420, results 1n at
least said incorrect matches.

As used herein, an incorrect match 1s 1n general a false
match, 1.e. a match that results in that the object matching
algorithm provides a result that corresponds to or can be
interpreted as a match despite this 1s not correct, 1.€. 1s an
incorrect match, or in other words, 1s a false match. An
incorrect match with a MOI may occur when the first object
model, least according to some pose thereof, e.g. at some
translation, rotation and/or scale, used 1n the matching with
a MOI, 1s sufliciently near what the matching result would
be 1n case of a correct match so that it 1s dificult or
impossible to know 1f the result 1s a correct match or not
from the matching result as such. Typically, this means that
the incorrect match corresponds to a matching result that 1s
within a predefined or predetermined range that covers also
what a correct match could or would be within. Such range
may be defined by a predefined or predetermined number(s)
and/or a threshold. The score threshold mentioned herein 1s
an example of such threshold.

The MOI(s) may e.g. image objects that are similar but
not the same as the reference object, and/or may comprise
combinations of objects and/or features that are known to
and/or are likely to result 1n incorrect matches. In some
embodiments the MOIs comprise one or more 1mages of the
reference object, or 1n general, one or more 1mages that wall
result 1n also one or more correct matches.

The contribution indicators, as also explained elsewhere
herein, are typically values or numbers. The contribution
indicators may be obtained by being received and/or
obtained from storage, or by being computed.

Said reduced influence of said one or more sub-features,
c.g. 421-1, may comprise application of different sample
densities in the second object model, e.g. 480. The different
sample densities should be applied such that object features
in the second object model that correspond to said one or
more sub-features, e.g. 421-1, that contribute more to the
incorrect matches than said other sub-features, e.g. 421-N,
are formed by samples having lower sample density than
samples forming object features 1n the second object model
that correspond to said other sub-features, e.g. 421-N.
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The samples may e.g. be pixels. Application of the
different sample densities may involve removing and/or
adding samples from/to the first object model. This may be
the case of the first object model already comprises sampled
object features, e¢.g. at a single or uniform sample density. In
some embodiments, application of the different sample
densities involves sampling features of the first object model
at diflerent sample densities, or sampling features of the first
object model and then removing and/or adding samples.

Said at least one MOI, e.g. 440, may further comprise
predefined training features 10 that when matched with the
first object model, e.g. 420, result 1n one or more correct
matches. Each contribution indicator, e.g. 475-», should then
indicate said contribution of the sub-feature, e.g. 421-, of
the sub-model, e.g. 425-n, to the incorrect matches in
relation to contribution of the sub-feature of the sub-model
to the correct matches. Each contribution indicator may here
¢.g. correspond to two values or numbers 1n relation to each
other, one regarding incorrect matches and one regarding
correct matches, or a single resulting number based on a
computed difference or ratio based on said two values or
numbers.

Action 11034

In case of Action 1102, 1.e. when this action 1s performed
and score maps obtained, providing the contribution indi-
cators of Action 1103, may comprise computing the contri-
bution indicators, e.g. 475-1 . . . 475-N, based on said
obtained score maps, e¢.g. 460, 465-1 . . . 465-N.

In some embodiments, the computation of each contribu-
tion indicator, e.g. 475-n, comprises computing, per MOI, a
first sum, e.g. as in the denominator of Eq. 1 or the sum of
Eq. 2. The terms of the first sum should comprises score,
respectively, from at least positions of the sub-model score
map that correspond to said incorrect matches.

Further, 1n some embodiments, the computation of each
contribution indicator, e.g. 475-r, further comprises com-
puting, per MOI, a second sum, e.g. as 1n the numerator of
Eqg. 1. The terms of the second sum should comprise scores,
respectively, from one or more positions of the sub-model
score map that correspond to correct matches. In these
embodiments, the computation of each contribution 1ndica-
tor may be based on, per MOI, relating the first sum to the
second sum, such as dividing the second sum with the first
sum as 1n Eq. 1.

Further, in some embodiments, the terms of the first sum
may comprise scores, respectively, from all positions of the
sub-model score map except such that correspond to correct
matches, 11 any.

In some embodiments, each of the terms of the first sum
and also second sum 1f the second sum has been computed,
comprises the score of the of the sub-model score map at a
position corresponding to the term multiplied with a weight
function, e.g. F, based on the score of the first model score
map at the same position. The weight function should
increases the score of the sub-model score map at positions
corresponding to incorrect matches and correct matches, 1f
any, 1n relation to the other terms. The weight function, e.g.
F, should be exponentially increasing with the score of the
first model score map. For example, the weight function may
be the square of the score of the first model score map.

When said at least one MOI are multiple MOIs, said first
sum per MOI, and also said second sum per MOI if the
second sum has been computed, may be used to compute a
sub indicator per MOI, wherein the computation of each
contribution indicator comprises adding the sub indicators
tor all MOIs. Another option 1s to compute first sub-sums,
one per MOI, each first sub-sum corresponding to the sum
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in the denominator 1n Eq. 1, and adding the first sub-sums to
form a total first sum. Under this option, 1t should also be
computed second sub-sums, one per MOI, each correspond-
ing to the sum in the numerator in Eq. 1, and adding the
second sub-sums to form a total second sum. The contribu-
tion indicator for the sub-model for all MOIs may then be
based on relating the total first sum to the total second sum,
¢.g. dividing the first sum with the second sum.

Action 1104

In some embodiments, the second object model, e.g. 480,
1s generated based on a modification of the {first object
model, e.g. 420, with reduced intluence of one or more
sub-features, e.g. of 421-1, that, according to the provided
contribution indicators, e.g. 475-1 . . . 475-N, contribute
more to the incorrect matches than other sub-features, e.g.
than 421-N. The reduced influence being 1n relation to said
other sub-features, ¢.g. 421-N.

In other words, influence 1s reduced of sub-features that
according to the contribution indictors contribute more to
incorrect matches compared to sub-features that remain. The
second object model will thus comprise object features that
contribute less to incorrect matches compared to the first
object model. Typically, 1t 1s desirable to reduce intluence
from sub-features that according to the contribution 1ndica-
tors contribute the most to imncorrect matches. Reducing the
influence of a sub-feature may 1n some embodiments com-
prise removing such sub-feature from the first object model
or remove parts of it, e.g. sample such sub-feature more
sparse or keep less samples of such sub-feature. In some
embodiments 1t may be applied different weighting to sub-
features according to their contribution indicators to accom-
plish said reduced influence.

The second object model will thus contribute less to
incorrect matches and/or comparatively more to correct
matches. The second object model may thereby not only
enable more accurate results but also be a more eflicient
model that allows for faster implementation. In other words,
provision of an improved object model for object matching
1s supported by embodiments herein

The method and/or actions discussed above 1n relation to
FIG. 11, are typically performed by one or more devices, e.g.
computer(s) and/or hardware unit(s) with processing capa-
bility, e.g. general purpose computer(s) and/or hardware
with processing capabilities that 1s at least partly dedicated
and/or configured specifically for object matching use. In
some embodiments, the method may be performed by dis-
tributed umits, e.g. part ol a machine vision system, and/or
involving remote device(s), e.g. part ol a remote computer
network, e.g. a computer cloud. Action(s) of the method may
then for example be performed as part of a cloud service. For
example, the first object model, possibly also information on
sub-models thereof to be used, may be uploaded from a first
device to computer(s) that have access to suitable predefined
MOI(s), and provides the contribution indicators, e.g. by
computing them. The contribution indicators may then be
provided, e.g. returned back, for use to generate the second
object model, or the second object model as such 1s gener-
ated and returned back or provided to yet another device
where 1t 1s to be applied.

FIG. 12 1s a schematic block diagram for illustrating
embodiments of one or more devices 1200 for performing
the method and/or actions as discussed above, ¢.g. 1n relation
to FIG. 11. The device(s) 1200 may correspond to or
comprise computer(s) and/or hardware unit(s) with process-
ing capability that e.g. may be dedicated and/or configured
specifically for object matching use, e.g. be implemented as
part of a camera unit involved 1n the object matching. In
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some embodiments the device(s) 1200 may correspond to or
comprise a so called computer cloud or computer(s) thereof,
¢.g. when the method and actions, or part thereof, are
executed by the such cloud or a cloud based service. In that
case 1t 1s implied that the method or action 1s performed by
at least one computer part of the cloud and for providing the
cloud service, although the location of, and the mvolved
computer(s), may be diflicult or even impossible to identify.
For example, a possible such implementation could involve
uploading a first object model via the cloud service and then
receive back the second object model, thus provided by the
cloud service according to embodiments herein, or upload-
ing the first object model and indicate sub-features or
sub-models, and then 1n response receive contribution ndi-
cators for the these, which thus can be used to generate the
second object model.

Hence, the device(s) 1200 may be for supporting genera-
tion of a second object model, e.g. 480, based on a first
object model, e.g. 420, for object matching according to an
object matching algorithm, e.g. 450. The first object model,
c.g. 420, comprises object features, e.g. 421-1 . . . 421-N, of
an 1maged reference object, e.g. 411.

The device(s) 1200 may comprise at least one processing,
circuitry 1201 involved 10 in processing and e.g. encoding
of signals and data, as exemplifying hardware module(s)
and/or circuit(s), and may comprise or correspond to one or
more processors or processing circuits.

The device(s) 1200 may further comprise at least one
memory 1202 that may comprise, such as contain or store,
at least one computer program 1203. The computer pro-
gram(s) 1203 comprises ‘instructions’ or ‘code’ directly or
indirectly executable by the device(s) 1200 to perform at
least part of said method and/or actions. The memory 1202
may comprise one or more memory units and may further be
arranged to store data, such as configurations, data and/or
values, involved 1n or for performing functions and actions
of embodiments herein. In some embodiments, the memory
1202 may comprise the computer program 1203 executable
by the processing circuitry 1201, whereby the device(s)

1200 1s operative, or configured, to perform said method
and/or actions thereof.

The device(s) 1200, e.g. the processing circuitry 1201,
may comprise at least one Input/Output (110) circuitry 1204,
configured to be involved 1n, e.g. by performing, any com-
munication to and/or from other units and/or devices, such
as sending and/or receiving information to and/or from
devices external to the device(s) 1200. The I/O circuitry(s)
1204 may be exemplified by obtaining, e.g. receiving,
module(s) and/or providing, e.g. sending, module(s), when
applicable.

Further, in some embodiments, the device(s) 1200, e.g.
the processing circuitry 1201, comprises one or more of
processing module(s), obtaining module(s), providing mod-
ule(s), generating module(s) and computing module(s), as
exemplifying hardware and/or soitware module(s) for car-
rying out actions of embodiments herein. These modules
may be fully or partly implemented by the processing
circuitry 1201.

Hence:

The device(s) 1200, and/or the processing circuitry 1201,
and/or the I/O circuitry 35 1204, and/or the obtaining
module(s), are operative, or configured, to, obtain said
sub-models, e.g. 425-1 . . . 425-N, that comprise said
different sub-features, e.g. 421-1 . . . 421-N, respectively, of
said object features, e.g. 421-1 . . . 421-N, comprised 1n the
first object model, e.g. 420.
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The device(s) 1200, and/or the processing circuitry 1201,
and/or the I/O circuitry 1204, and/or the providing module
(s), are further operative, or configured, to, provide, e.g.
compute, said contribution indicators, e.g. 475-1 .. . 475-N,
for the sub-models, e.g. 425-1 . . . 425-N, respectively.

Further, 1n some embodiments, the device(s) 1200, and/or
the processing circuitry 1201, and/or the generating
module(s) are further operative, or configured, to, generate
the second object model, e.g. 480, based on said modifica-
tion of the first object model, e.g. 420, with the reduced
influence of one or more sub-features, e.g. 421-1, that,
according to the provided contribution indicators, e.g.
475-1 . . . 475-N, contribute more to the incorrect matches
than other sub-features, e.g. 421-N, with said reduced 1ntlu-
ence being 1n relation to said other sub-features, ¢.g. 421-N.

Moreover, in some embodiments, the device(s) 1200,
and/or the processing circuitry 1201, and/or the I/O circuitry
1204, and/or the obtaining module(s), are further operative,
or configured, to obtain, per MOI, ¢.g. 440, said score maps,
c.g. 460, 465-1 . . . 465-N, comprising at least said sub-
model score maps, e.g. 465-1 . . . 465-N, for the sub-models,
c.g. 425-1 . . . 425-N, respectively. In these embodiments,
the device(s) 1200, and/or the processing circuitry 1201,
and/or the I/O circuitry 1204, and/or the computing
module(s), are operative, or configured, to, compute the
contribution indicators, e.g. 475-1 . . . 475-N, based on said
obtained score maps, ¢.g. 460, 465-1 . . . 465-N.

FIG. 13 15 a schematic drawing illustrating some embodi-
ments relating to one or more computer programs and
carriers thereotf to cause said device(s) 1200 discussed above
to perform said method and actions described 1n relation to
FIG. 11.

The computer program(s) may be the computer program
1203 and comprises instructions that when executed by the
processing circuitry 1201 and/or the processing module(s),
cause the device(s) 1200 to perform as described above. In
some embodiments there 1s provided one or more carriers, or
more specifically data carrier(s), e.g. computer program
product(s), comprising the computer program(s) 1203. The
carrier, or each one of said carriers, may be one of electronic
signal(s), optical signal(s), radio signal(s), and a computer
readable storage medium or media, e.g. a computer readable
storage medium or media 1301 as schematically illustrated
in the figure. The computer program(s) 1203 may thus be
stored on the computer readable storage medium or media
1301. By carrier may be excluded a transitory, propagating
signal and the data carrier may correspondingly be named
non-transitory data carrier. Non-limiting examples of data
carrier(s) being a computer readable storage medium 1s a
memory card or a memory stick, a disc storage medium such
as a CD or DVD, or a mass storage device that typically 1s
based on hard drive(s) or Solid State Drive(s) (SSD). The
computer readable storage medium or media 1301 may be
used for storing data accessible over a computer network
1302, ¢.g. the Internet or a Local Area Network (LAN). The
computer program(s) 1303 may furthermore be provided as
pure computer program(s) or comprised 1n a file or files. The
file(s) may be stored on the computer readable storage
medium or media 1301 and e.g. available through download
¢.g. over the computer network 1302 as indicated in the
figure, ¢.g. via a server. The server may e.g. be a web or File
Transier Protocol (FTP) server. The file or files may e.g. be
executable files for direct or indirect download to and
execution on said device(s) to make it perform as described
above, e.g. by execution by the processing circuitry 1201.
The file or files may also or alternatively be for intermediate
download and compilation mvolving the same or another
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processor(s) to make them executable before turther down-
load and execution causing said device(s) 1200 to perform
as described above.

Note that any processing module(s) and circuit(s) men-
tioned 1n the foregoing may be implemented as a software

and/or hardware module, ¢.g. 1n existing hardware and/or as
an Application Specific Integrated Circuit (ASIC), a Field-
Programmable Gate Array (FPGA) or the like. Also note that
any hardware module(s) and/or circuit(s) mentioned 1n the
foregoing may e.g. be included 1n a single ASIC or FPGA,
or be distributed among several separate hardware compo-
nents, whether individually packaged or assembled 1nto a
System-on-a-Chip (SoC).

Those skilled 1n the art will also appreciate that the
modules and circuitry discussed herein may refer to a
combination of hardware modules, software modules, ana-
logue and digital circuits, and/or one or more processors
configured with software and/or firmware, e.g. stored 1n
memory, that, when executed by the one or more processors
may make the device(s), sensor(s) etc. to be configured to
and/or to perform the above-described methods and actions.

Identification by any identifier herein may be implicit or
explicit. The identification may be unique in a certain
context, e.g. for a certain computer program or program
provider.

As used herein, the term “memory” may refer to a data
memory for storing digital information, typically a hard
disk, a magnetic storage, medium, a portable computer
diskette or disc, flash memory, Random Access Memory
(RAM) or the like. Furthermore, the memory may be an
internal register memory of a processor.

Also note that any enumerating terminology such as first
value, second value, first device, second device etc., should
as such be considered non-limiting and the terminology as
such does not imply a certain hierarchical relation. Without
any explicit information in the contrary, naming by enu-
meration should be considered merely a way of accomplish-
ing different names.

As used herein, the terms “number” or “value” may 1in
general refer to any kind of digit, such as binary, real,
imaginary or rational number or the like. Moreover, “num-
ber” or “value” may be one or more characters, such as a
letter or a string of letters. Also, “number” or “value” may
be represented by a bit string.

As used herein, the expression “configured to” may mean
that a processing circuit 1s configured to, or adapted to, by
means ol software or hardware configuration, perform one
or more of the actions described herein.

As used herein, the expression “may” and “in some
embodiments™ has typically been used to indicate that the
teatures described may be combined with any other embodi-
ment disclosed herein.

In the drawings, features that may be present 1n only some
embodiments are typically drawn using dotted or dashed
lines.

When using the word “comprise” or “comprising’”’ it shall
be interpreted as nonlimiting, 1.e. meaning “consist at least
of”.

The embodiments herein are not limited to the above
described embodiments, Various alternatives, modifications
and equivalents may be used. Therefore, the above embodi-
ments should not be taken as limiting the scope of the
present disclosure, which i1s defined by the appending
claims.

The 1nvention claimed 1s:

1. Method, performed by one or more devices, for sup-
porting generation of a second object model, based on a first
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object model, for object matching according to an object
matching algorithm, the first object model comprising object
features of an 1maged reference object, wherein the method
COmMprises:
obtaining sub-models that comprise different sub-fea-
tures, respectively, of said object features comprised in
the first object model, and
providing contribution indicators for the sub-models,
respectively, each contribution indicator of said contri-
bution indicators indicating contribution of the sub-
feature of the sub-model to incorrect matches, the
contribution 1indicators being based on matching,
according to the object matching algorithm, the first
object model and the sub-models with at least one
model optimization image, “MOI”, comprising pre-
defined training features that when matched with the
first object model result 1n at least said incorrect
matches,
obtaining, per MOI, score maps comprising at least sub-
model score maps for the sub-models, respectively,
cach score map being based on matching a correspond-
ing model at different poses with the MOI, each score
map comprising scores at different positions of the
score map, each of said positions being associated with
one or more of said poses, the score ol a position
indicating a level of matching between said one or
more of said poses of the model associated with the
position and the MOI,
wherein said provision of the contribution indicators
comprises computing the contribution indicators based
on said obtained score maps, wherein said score maps,
obtained per MOI, further comprises a first model score
map for the first object model, and
wherein the computation of each contribution indicator
comprises computing, per MOI, a first sum, wherein
the terms of the first sum comprise scores, respectively,
from at least positions of the sub-model score map that
correspond to said incorrect matches.
2. The method as claimed in claim 1, wherein the method
further comprises:
generating the second object model based on a modifica-
tion of the first object model with reduced mnfluence of
one or more sub-features that, according to the pro-
vided contribution indicators, contribute more to the
incorrect matches than other sub-features, said reduced
influence being 1n relation to said other sub-features.

3. The method as claimed in claim 2, wherein said
reduced influence of said one or more sub-features com-
prises application of different sample densities 1n the second
object model, such that object features 1n the second object
model that correspond to said one or more sub-features, that
contribute more to the incorrect matches than said other
sub-features, are formed by samples having lower sample
density than samples forming object features in the second
object model that correspond to said other sub-features.

4. The method as claimed 1n claim 1, wherein said at least
one MOI further comprises predefined training features that
when matched with the first object model result 1n one or
more correct matches, and wherein each contribution indi-
cator 1ndicates said contribution of the sub-feature of the
sub-model to the incorrect matches i relation to contribu-
tion of the sub-feature of the sub-model to the correct
matches.

5. The method as claimed 1n claim 1, wherein the com-
putation of each contribution indicator, further comprises
computing, per MOI, a second sum, wherein the terms of the
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second sum comprises scores, respectively, from one or
more positions of the sub-model score map that correspond
to correct matches.

6. The method as claimed 1n claim 5, wherein the com-
putation of each contribution indicator 1s based on, per MOI,
relating the first sum to the second sum.

7. The method as claimed in claim 1, wherein the terms
of the first sum comprise scores, respectively, from all
positions of the sub-model score map except such that
correspond to correct matches, 1f any.

8. The method as claimed 1n claim 7, wherein each of the
terms of the first sum and also second sum 1f the second sum
has been computed, comprises the score of the of the
sub-model score map at a position corresponding to the term
multiplied with a weight function based on the score of the
first model score map at the same position, which weight
function increases the score of the sub-model score map at
positions corresponding to incorrect matches and correct
matches, i any, in relation to the other terms.

9. The method as claimed in claim 8, wherein the weight
function 1s exponentially increasing with the score of the
first model score map.

10. One or more devices for supporting generation of a
second object model based on a first object model for object
matching according to an object matching algorithm, the
first object model comprising object features of an 1maged
reference object, wherein said one or more devices are
configured to:

obtain sub-models that comprise di

respectively, of said

object features comprised in the first object model,

provide contribution indicators for the sub-models,

respectively, each contribution indicator of said contri-
bution indicators indicating contribution of the sub-
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10

15

20

25

30

24

feature of the sub-model to incorrect matches, the
contribution indicators being based on matching,
according to the object matching algorithm, the first
object model and the sub-models with at least one
model optimization image, “MOI”, comprising pre-
defined training features that when matched with the
first object model result 1n at least said incorrect
matches, and

obtain, per MOI, score maps comprising at least sub-

model score maps for the sub-models, respectively,
cach score map being based on matching a correspond-
ing model at different poses with the MOI, each score
map comprising scores at different positions of the
score map, each of said positions being associated with
one or more ol said poses, the score of a position
indicating a level of matching between said one or
more of said poses of the model associated with the
position and the MOI,

wherein said provision of the contribution indicators

comprises computing the contribution indicators based
on said obtained score maps, wherein said score maps,
obtained per MOI, further comprises a first model score
map for the first object model, and

wherein the computation of each contribution indicator

comprises computing, per MOI, a first sum, wherein
the terms of the first sum comprise scores, respectively,
from at least positions of the sub-model score map that
correspond to said incorrect matches.

11. A non-transitory computer readable medium having
stored therein one or more computer programs comprising,
instructions that when executed by said one or more devices
causes the one or more devices to perform the method
according to claim 1.
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